Soil degradation processes have dramatically increased in their extent and intensity over the last decades. Progressively, actions have been taken in order to evaluate and reduce the major threats that have already wreaked havoc on soil conditions. Efficient and standardized monitoring of soil conditions is thus required but soil quality research is facing an important technological challenge because of the number of properties involved in soil quality. The objective of the present review is to examine critically the suitability of near infrared reflectance spectroscopy (NIRS) as a tool for soil quality assessment. We first detail the soil quality-related parameters (chemical, physical and biological) that can be predicted with NIRS through laboratory measurements. The ability of imaging NIRS (airborne or satellite) for mapping a minimum data set of soil quality is also discussed. Then we review the most recent research using soil reflectance spectra as an integrated measure of soil quality, from global site classification to the prediction of specific soil quality indices. We conclude that imaging NIRS enables the direct mapping of some soil properties and soil threats, but that further developments to solve several technological limitations identified are needed before it can be used for soil quality assessment. The robustness of laboratory NIRS for soil quality assessment allows its implementation in soil monitoring networks. However, its routine use requires the development of international soil spectral libraries that should become a priority for soil quality research. Toutefois, son utilisation en routine nécessitera le développement de librairies spectrales internationales, qui devrait constituer une des priorités de recherche sur la qualité des sols.
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Assessment and monitoring of soil quality using near infrared reflectance spectroscopy (NIRS)
predictions for K have also been achieved using NIRS (Chang et al., 2001; Confalonieri et al., 2001; Shepherd & Walsh, 2002) though Malley et al. (2004) considered it was generally not amenable to NIRS analysis. Good NIRS predictions are less frequent for soil P and mineral N as underlined by Malley et al. (2004) : calibrations for P and mineral N rarely perform well in soil (R² = 0.4-0.5 in general; Malley et al., 2002, for P and mineral N; Chang et al., 2001, and Shepherd & Walsh, 2002 , for P), though good results have sometimes been obtained (Confalonieri et al., 2001, and Bogrekci & Lee, 2005, for P; Cho et al., 1998, for mineral N) . Contradictory NIRS predictions have been reported for salt content in soil (R² = 0.1-0.6 for Chang et al., 2001, and Malley et al., 2002 ; R² = 0.1-0.8 for Farifteh et al., 2008 ; but R² = 0.7-0.8 for Dunn et al., 2002) and for electrical conductivity (R² = 0.4-0.6 for Dunn et al., 2002 ; but R² = 0.7 for Malley et al., 2004) . Very contradictory results have been reported regarding NIRS prediction of soil heavy metal content depending on the element, and apparently, on the site and on the reference method too. For instance, some authors reported good predictions of Cd, Co and Zn (Kooistra et al., 2001 , Wu et al., 2007 , and Kooistra et al., 2001 , respectively) while others reported poor predictions (Wu et al., 2007 , Malley et al., 2004 , and Chang et al., 2001 . Contradictory results have also been achieved for Cr, Cu, Ni and Pb (Malley et al., 2004; Wu et al., 2007) . Similarly, the fate of organic pollutants in soil is an important and widespread concern, although these are not currently included in MDS of soil quality. Bengtsson et al. (2007) reported promising results regarding NIRS prediction of pesticide sorption to soils. Contradictory results for K, P, mineral N, salt or heavy metals may have several causes, either relating to the reference methods (e.g. prediction of extractable cations varies with the extraction method; Chang et al., 2001) , the nature of the studied
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There have also been attempts to predict soil physical properties using NIRS (Table 1b) , which have yielded good results for soil particle size distribution (especially for clay content; Al-Abbas et al., 1972; Ben-Dor & Banin, 1995a; Chang et al., 2001; Morón & Cozzolino, 2003) , soil moisture (Bowers & Hanks, 1965; Dalal & Henry, 1986; Ben-Dor & Banin, 1995a; Chang et al., 2001) , water holding capacity (Sudduth & Hummel, 1993; Zornoza et al., 2008) , infiltration of crusted soils (Goldshleger et al., 2002) , and maximum temperatures reached by burned soils (Guerrero et al., 2007) , but not for the size distribution of water-stable aggregates (Chang et al., 2001) . Particle size effects on light transmission and reflection, and strong absorption features exhibited by water, explain the accurate predictions for texture and moisture, while poor performance regarding aggregate distribution has been attributed to inappropriate procedures (Chang et al., 2001) .
NIRS prediction of soil biological properties has often yielded good results (Table 1c) , as reported for microbial biomass (Reeves et al., 1999; Chang et al., 2001; Ludwig et al., 2002) , soil respiration (Palmborg & Nordgren, 1993; Chang et al., 2001; Ludwig et al., 2002) , potentially mineralizable N (Chang et al., 2001; Fystro, 2002; Ludwig et al., 2002; Shepherd & Walsh, 2002) , and even for the ratio of microbial to total organic C (Ludwig et al., 2002; Cécillon et al., 2008) and for the density of soil microorganisms (Zornoza et al., 2008) . Good predictions have been attributed to the similarity between spectral responses of most biological properties and that of soil organic C (Chang et al., 2001) .
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soil properties has been already investigated (e.g. Ben-Dor & Banin, 1995b; Nanni & Demattê, 2006) , the use of hyperspectral satellite data for soil property prediction remains poorly studied.
Using airborne hyperspectral sensors, fairly good to good NIRS predictions have been achieved for soil organic C (R 2 = 0.74-0.9, Ben-Dor et al., 2002; Selige et al., 2006; Stevens et al., 2008; De Tar et al., 2008; Patzold et al., 2008) 11 reflectance values from imaging spectroscopy data. They found a difference of up to 40% between modelled and true reflectance information at specific wavelengths, depending on the correction method used and variability in atmospheric conditions. When using a 'top-down' approach (i.e.
detection of a given soil property based on field sampling) and when the spatial extent of hyperspectral images is small, atmospheric effects may be constant over the study area and a particular object will appear similar across the image (Aspinall et al., 2002) . However, when the analysis is conducted over larger images or when a 'bottom-up' approach is used (i.e. detection of a given soil property based on laboratory-based spectral libraries), accurate atmospheric correction is crucial. Another limitation is the relatively low signal-to-noise ratio of hyperspectral data compared with laboratory data due to a low integration-time over the target area. Chabrillat et al. spectral region masked partly the doublet spectral feature at ~2150 nm related to clay type and reduced the effectiveness of the classification. Conversely, the higher spatial resolution of HyMap allowed obtaining purer spectral end-members (i.e. spectra not influenced by other soil constituents or by soil surface characteristics) in more heterogeneous sites. Spatial resolution is thus a matter of importance when the studied soil property occurs in a patchy way or is affected by a strong spatial variability (e.g. soil crusting).
The second category of limitations is related to the spatial and temporal variability of soil surface conditions. This variability often reduces the accuracy of the prediction of soil properties by chemometric techniques in areas having different surface conditions than the ones in the calibration set (Stevens et al., 2008) . Some of the properties that are subject to variation in time and space are: moisture content, degree of soil crusting, particle-size, soil roughness, vegetation or crop residue cover. In the study of Kooistra et al. (2003) , soil moisture and vegetation cover were identified as the main causes of the loss of accuracy between field and laboratory spectra.
The effects of soil roughness on bidirectional reflectance behaviour have been studied in detail (see e.g. Cierniewski & Courault, 1993) . Usually, rough soils present highest reflectance values when measured from the direction of the illumination source and lower reflectance values in positions away from this peak. Since remote sensors record the soil surface under varying illumination and viewing angles, this phenomenon induces a spectral variability not specifically related to the studied property. Another constraint of importance is the vegetation/residue cover, partly masking the soil signal. Bartholomeus et al. (2007) showed that even a small vegetation cover (5%) leads to large variations in the estimations of soil parameters. Imaging spectrometry campaigns must therefore be organized only in arid/semi-arid regions or when the soil has been recently tilled. Finally, imaging spectroscopy is only able to measure the reflectance within the first few millimetres of the surface and can therefore not predict a given property for the entire soil profile. As a consequence, such a method of data acquisition may be of little interest when strong vertical gradients in soil properties occur.
An alternative solution: the rough quantification of MDS variables
As presented above, NIR spectra of soil samples contain much information relevant to soil quality, and multivariate regressions of NIR spectra from laboratory and imaging spectrometry can accurately predict several properties of MDS. However, soil quality does not always need to be precisely quantified. Many industrial or agricultural applications only require a classification of soil condition with respect to a critical test value for key properties. Shepherd & Walsh (2002) were the first to propose the use of laboratory NIR analysis for the discrimination of soils falling above or below specific cut-off values for most properties related to soil fertility. They showed that soil samples could be roughly discriminated using classification trees even for properties like exchangeable K and extractable P which are poorly predicted by regression models. These promising findings were further confirmed by Cohen et al. (2005a) on an extensive data set of quality parameters for wetland soils, including soil microbiological attributes.
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16 severe erosion). This rough assessment of a soil threat could be a useful tool for characterizing site conditions prior to irreversible degradation (Cohen et al., 2005b) .
However, an important goal for soil monitoring is the detection of small changes in specific key threats, functions or services over space and time. Thus, most recent soil quality indicators have been designed to achieve these ends (Andrews et al., 2004; Velasquez et al., 2007) , but their implementation in soil monitoring networks remains too expensive and time consuming to be economically realistic using conventional soil analyses. performed. Organic matter storage was assessed through organic C and total and mineral N contents, nutrient supply through pH and exchangeable cations (Ca, Mg, K, Na, CEC), and biological activity through a set of microbiological parameters (microbial C, two extracellular enzymes, potential denitrification and microbial C to organic C ratio). Three specific indicators (SI) of soil quality, reflecting the provision of these soil ecosystem services, were then computed using the GISQ approach (Velasquez et al., 2007) . Higher SI values indicate more ecosystem services produced, thereby an improved soil quality (Velasquez et al., 2007) . The predictive ability of NIR analysis for the three SI was assessed with partial least squares regression (PLSR; Tenenhaus, 1998). PLSR models for the three SI reached "reasonable" statistics (Williams, 1993) , with cross- Implementing this cost-effective strategy could have wide implications for the spatial coverage and the sampling frequency of soil monitoring networks (SMN). Existing SMN sites and data could be used for the regional calibration of soil quality indices. Then a quantitative assessment of soil quality could be performed at the field scale depending on the end-user or land manager's needs.
The sampling frequency of SMN could also be increased enabling a seasonal assessment of soil quality, which is crucial for the early detection of changes in soil conditions.
Research needs towards NIR monitoring of soil conditions
Soil spectral libraries: enabling the implementation of laboratory spectrometry in SMN
Hitherto, NIRS has mainly been applied to soils at the field or the landscape scale, and no generalization can be inferred from regression models obtained with such local studies. One of the main gaps in effective monitoring of soil quality with NIRS is the building of NIRS-based regression models capable of assessing soil conditions at the regional scale across various soil types.
Shepherd & Walsh (2002) presented a new approach allowing the regional quantification of many soil properties with laboratory spectrometry. They proposed the use of soil spectral libraries as a tool for building risk-based approaches to soil evaluation. In the spectral library approach, soil properties are measured conventionally for a selection of soils representative of the diversity of the studied region, and then calibrated to soil reflectance spectra. Usually, the size of the calibration sample set is increased until calibrations are found to be sufficiently accurate for user , 1997) which matches the sample to be predicted using a small homogeneous group of spectrally similar samples selected from a calibration library. These advanced regression techniques clearly 
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